MOSSTrack : Modality-Specific Spatio-Temporal Context Learning for RGB-T
Tracking

Supplementary Material

In this supplementary material, we provide additional
content to complement the main manuscript:
* More implementation details.
* Introduction of benchmarks
* More comparisons with state-of-the-art methods

1. More implementation details

This section provides implementation details of the model
that were omitted from the main manuscript due to space
limitations.

1.1. Model

We adopt HiViT-Base [24] as the encoder of our model. To
mitigate the loss of spatial information caused by a large
one-step downsampling, we employ a progressive patch
embedding strategy. Unlike the vanilla ViT [3], which di-
rectly applies a 16x16 patch embedding, the template im-
ages Z,,Z; € R3*H-xW- and search images X,., X; €
R3*H:xWa from both modalities are processed through
three downsampling stages: one 4x4 patch embedding layer
followed by two 2x2 merging layers. This hierarchical de-
sign yields final patch embeddings with an effective 16x16
resolution while preserving substantially richer spatial de-
tails. As a result, we obtain the template tokens H7?, Hf €
RM=*D and the search tokens HZ, H¥ € RN=*P where
N, = H,W_/16? and N, = H,W,/162. The feature di-
mension of all tokens is set to D = 512.

Table 1. Comparison of tracking performance, model parameters,
and computational cost.

RGBT234 LasHeR
Model Params | FLOPs
PR(%) SR(%) | PR(%) NPR(%) SR(%)
SDSTrack [5] | 84.8 62.5 66.5 62.7 53.1 102M | 108G

STTrack [6] 89.8 66.7 76.0 71.9 60.3 128M 91G

MOSSTrack | 94.3 71.5 76.9 72.6 61.2 78M 65G

In addition, we compare MOSSTrack with two recently
proposed high-performing RGB-T trackers, SDSTrack [5]
and STTrack [6], in terms of tracking performance (PR/SR
scores), parameter count (Params), and computational cost
(FLOPs). As shown in Table 1, our method achieves clearly
superior tracking accuracy while using fewer parameters
and requiring lower computational overhead. This indi-
cates that MOSSTrack attains a more favorable balance be-
tween performance and efficiency compared with existing
advanced approaches.

1.2. Prediction Head

The prediction head of the proposed MOSSTrack follows
the design of OSTrack [22], with a center-based head em-
ployed to estimate the target center and scale. Specifi-
cally, the output search-region tokens are fed into three
fully convolutional networks to generate the target classi-

ficati 1x 8z We
cation score map S € [0,1]77 7 ""F, the local offset

map O € [0, 1)2XT “P" and the bounding box size map
Hy ., Wq
B € [0,1)* 7 * 7. The location with the highest score

in S is selected as the target center, and the final tracking
result is obtained by combining its corresponding offset O
and bounding box size B.

('Iia yz) = argmax(w,y)sxyv (D

(Jf,y) = (x’b+O(07$27y1)7yd+O(17xl7y2))7 (2)

(wvh) = (B(vaiayi)vB(lvxiayi))~ 3)

Here, z, y, w and h denote the predicted bounding box cen-
ter coordinates and its width and height, respectively.

1.3. Training and Inference

During training, we apply several standard data augmenta-
tion strategies, including horizontal flipping, spatial jitter-
ing, and brightness/color variations, to improve the model’s
generalization ability. The Transformer encoder is pre-
trained on large-scale RGB tracking datasets—LaSOT [4],
GOT-10K [7], COCO [14], and TrackingNet [18]—to en-
dow the model with strong general-purpose visual feature
representations. Building upon this pretrained backbone,
we integrate all proposed components and further train the
model on the training subset of LasHeR [13], allowing
the tracker to learn cross-modal interactions and modality-
specific cues essential for RGB-T tracking. Through-
out training, focal loss [15] is employed for classification
to mitigate class imbalance, while the regression branch
adopts a combination of generalized IoU loss and ¢; loss
[19] to enhance both bounding-box overlap quality and lo-
calization accuracy. The overall loss function is formulated
as follows:

L= Lcls + )\iouLiou + >\L1 Lla (4)

where \;5,, and Ap, are regularization parameters, which
are set to 2 and b, respectively, in our experiments.
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Figure 1. Comparison of the proposed MOSSTrack with other advanced trackers on the GTOT dataset across seven challenging attribute
subsets. Overall success and precision plots on the full GTOT test set are also presented.

During inference, the temporal tokens are updated on a
per-frame basis, enabling the model to capture subtle vari-
ations of the target at each time step. Meanwhile, we re-
tain the conventional template update strategy to establish
long-term spatio-temporal associations, preventing error ac-
cumulation caused by temporary occlusion or disappear-
ance of the target. The dynamic template is updated only
when two conditions are satisfied: the confidence score ex-
ceeds 0.7, and the interval between the two frames is greater
than 50 frames. Additionally, following standard practice,
a Hanning window penalty is applied to the classification
score map during inference to incorporate positional priors
and reduce jitter and drift in tracking.

2. Introduction of Benchmarks

In this section, we provide a detailed introduction to the
datasets used in our paper and the tracking attribute chal-
lenges defined for them. In addition, we present GTOT, a
small RGB-T tracking dataset used for evaluation.

GTOT. The GTOT [10] dataset contains 50 pairs of
RGB-T video sequences, each annotated with target bound-
ing boxes to ensure consistent labeling across modalities.
The visible and thermal infrared images are aligned by man-
ually selecting keypoint correspondences and estimating a
homography matrix. As one of the earliest RGB-T track-
ing datasets featuring diverse challenging scenarios, GTOT
groups its 50 sequences into seven attribute categories: Oc-



clusion (OCC), Deformation (DEF), Low Illumination (LI),
Small Objects (SO), Large Scale Variation (LSV), Thermal
Crossover (TC), and Fast Motion (FM). In this supplemen-
tary material, we provide an attribute-based performance
comparison of MOSSTrack against existing state-of-the-art
RGB-T trackers on the GTOT dataset.

RGBT210. The RGBT210 dataset [11] consists of
210 pairs of RGB-T tracking sequences, with some se-
quences reaching up to 8,000 frames. It provides frame-
level occlusion annotations, allowing comprehensive eval-
uation of a tracker’s robustness under different occlusion
conditions. Extending the challenge definitions used in
GTOT, RGBT210 includes 12 attribute categories and in-
troduces four additional challenges—Motion Blur (MB),
Camera Moving (CM), Low Resolution (LR), and Back-
ground Clutter (BC). The SO attribute is removed, and the
OCC attribute is further divided into three more fine-grained
categories: No Occlusion (NO), Partial Occlusion (PO),
and Total Occlusion (TO), enabling more detailed attribute-
sensitive performance analysis.

RGBT234. The RGBT234 dataset [12] is an exten-
sion of RGBT210, comprising 234 paired RGB-T video
sequences with approximately 116.6k aligned frame pairs.

Table 2. Tracking challenge attributes present in existing RGB-T
datasets.

Attribute Definition

NO No Occlusion - the target is not occluded.

PO Partial Occlusion - the target object is partially occluded.

TO Total Occlusion - the target object is totally occluded.

HO Hyaline Occlusion - the target is occluded by hyaline object.

ov Out-of-View - the target leaves the camera field of view.

LI Low Illumination - the illumination in the target region is low.

HI High [llumination - the illumination in the target is too strong to identify
the target.

AV Abrupt Illumination Variation - the illumination of the target changes
significantly.

LR Low Resolution - the resolution in the target region is low.

DEF Deformation - non-rigid object deformation.

BC Background Clutter - the background information which includes the
target object is messy.

SA Similar Appearance - there are objects of similar appearance near the
target.

TC Thermal Crossover - the target has similar temperature with other ob-
jects or background surroundings.

MB Motion Blur - Blurred target due to target movement or camera shake.

CM Camera Moving - the target object is captured by moving camera.

FL Frame Lost - some of thermal frames are lost.

FM Fast Motion - the motion of the ground truth between two adjacent

frames is larger than 20 pixels.

SV Scale Variation - the ratio of the first bounding box and the current
bounding box is out of the range [0.5,2].

SO Small Object - the number of pixels in the ground truth bounding box
is less than 400.

TVS Thermal-Visible Separation - the target positions do not overlap in the
visible and thermal images.

ARC Aspect Ratio Change - the ratio of bounding box aspect is outside the
range [0.5,2].

It includes 22 categories of tracking targets. Similar to
RGBT210, the dataset organizes all sequences into 12 com-
monly used challenge attributes, defined according to envi-
ronmental conditions and the states of the tracked objects.

LasHeR. LasHeR [13] is currently one of the largest
RGB-T tracking datasets, containing 1,224 RGB-T video
pairs, of which 245 sequences constitute the test set and 979
sequences are designated for training. The dataset includes
32 object categories and 19 challenge attributes, compris-
ing over 734.8k aligned RGB-T frame pairs. In addition to
the attributes defined in RGBT210 and RGBT234, LasHeR
introduces seven new challenges: Hyaline Occlusion (HO),
Frame Lost (FL), Abrupt [llumination Variation (AIV), As-
pect Ratio Change (ARC), Out-of-View (OV), High Illu-
mination (HI), and Similar Appearance (SA). Owing to its
large scale and diverse content, LasHeR facilitates the most
comprehensive evaluations among existing RGB-T tracking
benchmarks.

VTUAV. The VTUAYV [23] dataset is a large-scale, high-
quality RGB-T tracking benchmark collected from UAV
platforms. It contains 500 video sequences, totaling approx-
imately 1.7 million high-resolution frame pairs, making it
the largest and highest-resolution RGB-T tracking dataset
currently available. The dataset covers diverse target cate-
gories, including pedestrians, vehicles, and animals, as well
as a wide range of scenes, such as roads, parks, and oceans.
In addition, VTUAV provides precise frame-level segmen-
tation mask annotations, supporting comprehensive evalua-
tions for multiple tasks, including short-term tracking, long-
term tracking, and pixel-level segmentation.

We summarize the aforementioned RGB-T tracking
datasets and provide detailed scenario annotations for each
tracking challenge, as shown in Table 2. Additionally,
we compare the attribute challenge coverage across the
datasets, as presented in Table 3.

3. More Comparisons with State-of-the-art
Methods

In this section, we provide additional performance com-
parisons between our method and state-of-the-art trackers,
including attribute-based analysis and qualitative experi-
ments.

3.1. Analysis Across Various Attributes

We evaluate the performance of MOSSTrack on the GTOT
dataset with respect to various tracking challenge attributes.
Since GTOT is relatively limited in scale, recent meth-
ods are infrequently benchmarked on this dataset. To en-
sure a fair comparison, we locally deploy four state-of-the-
art open-source multimodal trackers—CAFormer [21], SU-
Track [2], BAT [1], and CAT++ [16]. Figure | presents
the success and precision plots for each attribute subset as
well as for the entire GTOT dataset. The results show that



Table 3. Comparison of tracking challenge attributes across existing RGB-T tracking datasets.

Tracking challenge attributes
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Table 4. Challenge -based PR/SR(%) analysis of MOSSTrack and 9 state-of-the-art algorithms on RGBT234. The top two results are

highlighted in red and blue, respectively.

VIPT TBSI CAT++ SDSTrack UnTrack XTrack CAFormer STTrack TBSI-Ext MOSSTrack
[25] [8] [16] [5] [17] [20] [21] [6] 9] (Ours)
NO 91.3/68.7 96.1/72.8 94.9/67.6 93.8/72.4 94.8/74.7 96.1/74.4 96.9/76.6 98.6/76.9 96.8/73.9 99.4/78.4
PO 85.4/63.0 88.7/64.7 88.9/62.7 82.9/63.0 83.7/63.2 87.9/66.3 88.6/67.9 89.0/67.3 91.5/67.3 94.8/73.0
TO 77.7/56.2 81.5/58.6 74.4/52.2 77.9/57.2 76.9/57.0 80.0/59.1 81.2/61.0 81.9/61.0 87.9/63.7 86.2/66.2
LI 81.0/58.4 89.2/63.6 80.9/55.5 85.7/63.5 78.2/55.8 87.3/63.6 88.7/66.1 89.1/64.4 91.5/65.8 95.7/71.8
LR 83.0/59.3 85.1/60.0 86.0/58.6 83.3/60.9 83.1/59.2 87.2/62.8 86.2/63.7 80.1/59.0 90.7/64.6 87.6/67.6
TC 83.0/62.2 85.8/63.2 85.0/61.5 83.7/62.0 89.1/67.4 89.9/67.0 89.8/68.1 95.2/71.6 91.0/68.2 95.9/72.2
DEF 81.7/62.2 84.1/63.7 80.4/56.7 80.4/62.2 81.2/63.3 83.2/64.2 83.6/65.6 83.0/64.6 88.2/66.3 87.4/69.1
FM 80.2/58.8 81.4/58.7 83.3/54.9 82.8/59.9 86.8/63.5 82.3/62.5 86.3/64.5 82.5/62.2 88.4/63.7 87.3/64.9
SV 83.8/63.0 89.9/66.8 84.8/59.3 84.7/64.3 82.9/63.3 85.5/64.9 87.5/67.7 91.3/69.4 93.5/70.2 93.9/72.7
MB 83.2/62.5 88.1/64.9 76.5/55.4 83.1/64.5 89.3/69.5 90.0/70.1 91.2/68.8 88.3/70.4 91.6/68.2 92.3/74.1
CM 83.0/62.0 88.0/65.0 77.9/56.2 83.4/63.0 87.0/66.3 89.0/67.6 89.4/67.2 87.8/68.0 90.4/67.2 92.9/73.3
BC 79.6/55.6 83.4/57.8 82.0/55.3 81.5/58.4 85.1/58.7 86.8/62.1 87.0/62.9 82.2/58.0 84.8/59.7 87.6/65.1
ALL 83.5/61.7 87.1/63.7 84.0/59.2 84.8/62.5 84.2/62.5 87.4/64.9 88.3/66.4 89.8/66.7 91.0/67.0 94.3/71.5

MOSSTrack consistently outperforms existing state-of-the-
art methods in overall performance and across most chal-
lenge subsets.

In addition, we further evaluate MOSSTrack on the
RGBT234 dataset under various attribute-specific chal-
lenges and compare it with nine multimodal trackers, in-
cluding VIPT [25], TBSI [8], CAT++ [16], SDSTrack [5],
UnTrack [17], XTrack [20], CAFormer [21], STTrack [6],
and TBSI-Ext [9]. The results are presented in Table 4.
MOSSTrack achieves particularly strong performance in
the LI (Low Illumination) and TC (Thermal Crossover)
scenarios, reaching PR/SR scores of 95.7%/71.8% and
95.9%/72.2%, respectively. In these two types of scenar-
ios, key discriminative cues dynamically shift between the
RGB and TIR modalities, placing higher demands on the
tracker’s ability to fully exploit cross-modal complemen-
tarity. MOSSTrack demonstrates stable performance un-
der these conditions, highlighting its robustness in handling
such challenges. Moreover, MOSSTrack maintains con-
sistently high tracking accuracy in the DEF (Deformation)
and SV (Scale Variation) scenarios, where the target under-
goes substantial non-rigid shape deformation or significant
changes in scale. Such conditions often challenge existing
trackers, as large appearance variations can easily mislead
feature extraction and lead to tracking drift. MOSSTrack
achieves reliable target localization by effectively modeling
temporal dependencies and adaptively refining spatial rep-

resentations throughout the tracking process. These results
further highlight the strong robustness and generalization
capability of our spatio-temporal modeling strategy.

3.2. More Qualitative Results

In the supplementary material, we provide a more compre-
hensive qualitative comparison between MOSSTrack and
three other advanced trackers—XTrack [20], UnTrack [17],
and SDSTrack [5]—as shown in Fig. 2. To evaluate track-
ing performance, we selected four representative sequences
from the LasHeR dataset, each representing distinct chal-
lenging scenarios.In the first sequence, a TIR frame dropout
occurs at frame 281. Despite the missing thermal informa-
tion, MOSSTrack remains stable and consistently maintains
accurate target localization. In the second sequence, the tar-
get is immersed in a cluttered background with severe am-
biguity, making it difficult to distinguish. Nevertheless, our
approach exhibits remarkable stability and accuracy. In the
third and fourth sequences, the target undergoes significant
non-rigid deformation and is interfered with by objects of
similar appearance. Leveraging its spatiotemporal model-
ing capability, MOSSTrack effectively adapts to these com-
plex variations and preserves strong discriminative power.
These qualitative results further highlight the superiority of
our approach in handling diverse challenging tracking at-
tributes.
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Figure 2. Qualitative comparison between MOSSTrack and three other trackers on challenging tracking cases.
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